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A firm’s entry into a new generation of technology can positively affect its market 
share. However, the firm may have difficulty calibrating how much market share it 
can get because of the cannibalization across generations, and the competition among 
brands. To measure how an early entry into new technology affects a firm’s market 
share, this study proposes the multi-brand/generation Bass model. Using the proposed 
model, this study distinguishes the switching brands within a single generation from 
the switching brands across generations. The proposed model is validated by the 
telecommunications market data in twelve European countries, and South Korea. The 
results show that (i) an early entry and the entry itself positively influence market 
share in the long run in spite of the shrinkage of market share in the short run due to 
the loyalty of the earlier generations, and (ii) the retention plays an important role in 
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 Markets for high technology products can be characterized by generational 
substitutions. In particular, the telecommunications have passed through various 
stages. In the 1980s, the first generation (1G) was called the analog-based protocol. In 
the mid-1990s, the second generation (2G) was introduced as the first digital standard. 
In the mid-2000s, the third generation (3G) was introduced to establish the foundation 
for using wireless data. Compared with 2G, 3G requires the universal subscriber 
identity module (USIM). Using the USIM, 3G is possible to do i) video call, ii) global 
roaming, iii) mobile internet, and iv) mobile banking. However, if the users move 
around, the mobile connection will not work smoothly with the 3G network. To 
overcome this problem, mobile providers introduced the Long Term Evolution (LTE) 
technology as the fourth generation (4G) in the 2010s. With the 4G network, users 
can access the mobile data under any circumstances, even if they move around.  
Mobile providers believe that the entry of a new generation can bring subscribers 
to them. However, they cannot infer that the new generation can attract consumers 
more than earlier generation because of the cannibalization across generations. 
Moreover, they can hardly expect the additional market potential from the entry of 
the new generation due to the high penetration of mobile phones in many countries. 
Then, they focus on taking subscribers of the other providers, rather than attracting 
new subscribers. Hence, they want to know not only how many subscribers the new 
generation can bring to them, but also where the new generation can attract 
subscribers from. However, no existing studies have measured the effect of the entry 
of a particular brand into a new generation on the number of subscribers of the brand, 
as well as on the number of subscribers of the competing brands. To come up with an 




Bass (1969) suggests the diffusion model to predict the demand for new 
technologies. However, the Bass model cannot account for the competition among 
brands. To overcome such limitations, several studies suggest the brand-level 
diffusion model. The extant literatures of the brand-level diffusion model are 
summarized in table 1. 
[Insert Table 1] 
Norton and Bass (1987) introduce the diffusion for high-technology products of 
successive generations. In the days of the MP3 revolution, for example, an adopter of 
the MP3 player could be i) the user of the compact cassette (CC) player or the 
compact disc (CD) player (Substitution), and ii) the potential consumers of the CC 
player or the CD player who skipped to adopt them (Leapfrogging). However, Bass 
and Norton (1987) do not distinguish the type of behavior. Then, Danaher et al. (2001) 
analyze both behaviors in detail by introducing the switching and leapfrogging 
multiplier. Furthermore, Jiang and Jain (2012) suggest the parsimonious model in a 
closed form. The extant literatures of the generation-level diffusion model are 
summarized in Table 2 below. 
[Insert Table 2] 
Actually, a brand competes with other brands not only in the same generation, but 
also in the earlier generations. To consider both types of competition, we need to 
discover how attractive the later generation is, or how strong the installed base of the 
earlier generations is. However, the brand-level diffusion model does not take 
account for the switching across generations and the generation-level diffusion model 
does not take account for the competition among brands. In other words, the previous 
studies consider a new product adoption at the brand-level, and at the generation-level, 
separately. Hence this study addresses the multi-brand/generation diffusion model. 
The proposed model incorporates the adoption and substitution not only across brands 
but also across generations. To evaluate the brand level diffusion process across 
generations, the proposed model is used to analyze i) 2G, 3G, and 4G cellular 
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technologies in South Korea, and ii) 1G, 1.5G, and 2G cellular technologies in 
European countries. 
The contribution of this study is as follow. First, this study can distinguish the type 
of substitution according to whether the substitution involves switching brands within 
a single generation or across generations. From ascertaining how reluctant customers 
are to switch brands, we can compare the retention of brands in the previous 
generations. Second, this study can investigate the relationship between the entry time 
of a new generation and market share. Furthermore, we predict i) how an early entry 
into the new generation can deprive subscribers from competitors, and ii) how the 
entry of a new generation itself can make an impact on the number of subscribers.  
 
2. The Baseline Model 
Where the adoption of new high tech products including high-involvement 
products (e.g. smartphones or cellular services) is concerned, consumers take great 
care during the decision-making and buying process. According to analyses of the 
buying decision, consumers pass through an evaluation of alternatives stage before 
reaching a final purchase decision (Kotler, 2012). During this stage, they choose a 
brand based on their own preference for brands; however, their adoptions can be 
postponed due to various reasons (e.g. perceived risks). To investigate 
brand/generation-level data, we consider the purchase of a brand/generation as a two-
stage process rather than a standard diffusion model (Givon, Mahajan & Muller, 
1995).  
To model brand/generation choice, we consider not only the kind of 
brand/gereration, but also the time taken to adopt it. We follow multiple stages: first, 
focusing on the marginal distributions; second, deriving the joint survival function; 
and finally, evaluating the brand/generation-level survival function (Kaishev et al., 
2007). To establish a choice model, we define several terms. 
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i)        is the time at which potential consumers (or users) begin to 
adopt (or to switch); “the time origin from which survival is measured” 
(Kalbfleisch and Prentice 2002, p.12). 
(  is used to divided the potential consumers into the different cohorts.)  
ii)   is the current time. 
iii)    is the earliest generation of brand j.  
(The earliest generation for the 1st brand is the 1st generation;     .)  
iv)       is the latest generation of brand j at time  . 
v)      is the total number of brands introduced until time  .  
vi)       is the entry time of brand j in the i-th generation.  
(The entry time of the first brand in the first generation       is set to 0.)  
vii)       is the time at which the brand j in the i-th generation is discontinued. 
(If the brand j in the i-th generation exists,       is unknown.)  
viii)       is a random variable which represents the time to adopt brand j in 
the i-th generation of a consumer in the homogeneous market potential;  
                 .  
 
2.1. The Univariate Survival Function  
To specify the incidence of choosing a brand/generation, we assume that the time 
of incidence,      , follows an exponential distribution;                  . Hence, 
                     where  follows an extreme value distribution with a 
unimodal density                .        , where   is Euler’s constant, 
and            . The parameter            is constant across individual 
customers. The larger       is, the stronger the preference, and then the faster the 
adoption. Hence, the preference for the brand j in the i-th generation can be captured 
by the scale parameter        
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Due to the entry of a new generation, a cohort (called as the market potential) starts 
to adopt. Let   be the entry time of a generation. Then,       should be mediated by i) 
the entry time of brand j in the i-th generation truncated by the origin   (       ; 
max{       }), and ii) the withdrawal of the brand j in the i-th generation (     ). 
Hence, we define         as a random variable which represents the time to adopt 
brand j in the i-th generation of a consumer in the cohort identified by the origin  ; 
                    . The net hazard for brand j in the i-th generation (Kalbfleisch 
and Prentice 2002, p.260) and the marginal survivor function for         at the origin   
are then defined as             , and              (  (         )), respectively; 
                                      , 
                                                                           ,                 (1) 
where                      is 1 if                  , otherwise 0, and         
is            . For the better understanding, we propose the scenario based on five 
brands (see Appendix 1).  
To reflect the marketing mix, we may use the proportional hazard model (PHM) 
(Kalbfleisch and Prentice 2002); 
     (              )                                 , where       is the 
brand/generation-level covariates including marketing expenditure. However, we do 
not take account for marketing mix due to the lack of data sets. Hence, we maintain 
the hazard without covariates,             . 
 
2.2. The Multi-Generation Survival Function  
To investigate how long time it takes to adopt, and which generation is chosen 
within a single brand, we suggest “competing risks” – when a failure can result from 
one of several causes and one cause precludes the others (Marubini and Valsecchi, 
1995), which is based on the comparison of time to adopt a generation; in comparison, 
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the Multinomial Logit (MNL) model is based on the comparison of the utility.  Since 
high-tech products are generally adopted once per consumer at most, we assume that 
a consumer adopts only one generation within a brand for which the potential time to 
be chosen is shortest. We can derive a random variable which represents the time to 
adopt brand j of a consumer in the cohort identified by the origin  ,     , as the 
shortest time to adopt within brand   (               ), and the chosen generation 
within brand   can be observed by                   . Then, the survivor function of 
the time to choose any generation given the brand  ,             is as follows;  
             (      ) 
since                     , 
  (                          )          ⏟
            
    .                     (2)  
In spite of the time-invariant      , the adoption can be faster or slower due to the 
entry of a new generation. The effect of the entry of a new generation appears in 
various ways. On the one hand, the earlier generations can coexist with a new 
generation. On the other hand, a new generation will become dominant while the 
earlier generations will die out. Meanwhile, we cannot expect that the entry of a new 
generation (e.g., 4G) reduces the time to adopt one earlier generation (e.g., 3G), but 
can extend the time to adopt another earlier generation (e.g., 2G). Since        ’s can 
be shifted in the same direction due to the entry of a new generation, we assume that 
there is a non-negative correlation among the potential times to adopt generations 
within a single brand. In order to derive the joint distribution of the latent time to 
adopt,         ⏟
            
    , we use a copula; it describes the interdependence among 
time-varying variables, but differs from a correlation in that the latter describes the 
dependence among time-invariant variables (Sklar 1959). In particular, we apply the 
Gumbel-Hougaard (GH) copula to account for the positive (or no) correlation among 
       ’s (Nelson 2006). The GH copula serves dual functions: i) it connects the joint 
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survival function to its marginal survival functions in a manner that is completely 
analogous to the way a copula connects the joint distribution function to its margins, 
and ii) it accommodates the case that the launch time of multiple brands into a 
growing market may be not the same (see Appendix 2). From equation (2), 
        ⏟
            
        (                      ) 
where                             , and     is the GH copula with the dependence 
parameter    ranges from 1 to ,  
       ∑             
      ⁄
     
    
 ,                                   (3) 
where              is the net cumulative hazard for brand j in the i-th generation from 
the origin   (Geffray and Guillox 2011);  
                                            . 
 
2.3. The Multi-Brand/Generation Survival Function  
To investigate how much time it takes to adopt, and which brand is chosen, we use 
“competing risks”, again. We can derive a random variable which represents the time 
to adopt the technology of a consumer in the cohort identified by the origin  ,   , as 
the shortest time to adopt (            ), and the chosen brand   can be observed by 
               . From the GH copula    (equation 4), the survivor function of the 
time to choose any brand           is as follows; 
                 , 
since                , 
  (                  )         ⏟
    
                              (4) 
Similar to the previous case, the adoption can be faster or slower due to the entry of 
competing brands. For example, it is unexpected that the entry of T-mobile can 
reduce the time to adopt AT&T, but can extend the time to adopt Verizon. Then we 
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can expect that     ’s are also shifted in the same direction due to the entry of the 
other brand. Assume that there is a non-negative correlation among the potential 
times to adopt brands. To develop the joint distribution of the latent time to adopt, 
       ⏟
    
    , we use the GH copula again as follows (Appendix 3); from equation (4),  
       ⏟
    
       (              ) 
where                        , and    is the GH copula, 
       ∑  ∑             
      ⁄
     
    
   ⁄                                  (5) 
 
2.4. The Share Attraction Model 
In general, the brands in a single category are in competition, but the generations in 
a single category are in replacement. Especially in the cellular market, the effect of 
the entry of a new generation (e.g., 4G) on the time to adopt one earlier generation 
(e.g., 3G) may be higher than the effect of the entry of a new brand (e.g., T-mobile) 
on the time to adopt one existing brand (e.g., AT&T). In other words, the potential 
consumers who give up the adoption of AT&T/3G due to the entry of AT&T/4G are 
more than due to the entry of T-mobile/3G. Then, we can argue that the degree of 
dependence among generations is stronger than the degree of dependence among 
brands in the cellular market. Since the kendall’s tau of the GH copula is      , the 
higher  , the stronger dependence between the times to adopt brands is. Hence,   is 
less than    for all j; the dependence parameter   ranges from 1 to          . 
Let              be the brand j in the i-th generation-specific hazard (Kalbfleisch 
and Prentice 2002, p.259; see Appendix 4); 
                   (       )                        
                         
   ,    (6)  
where i)           is the net cumulative hazard for brand j from the origin  ; 
           ∑             
      ⁄
     
    
, and ii)           is the net cumulative hazard of 
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         ;            ∑           
    
    
  ⁄ .  
Fisher and Pry (1971) assume that i) technological advances are regarded as 
competitive substitutions, and ii) a new technology often completely supplant the 
earlier ones. Moreover, the entry of a new generation can cause the negative effect to 
the market share of the earlier generations; it may occur the cannibalization effect 
across generations. Hence, we assume that a single generation completely replaces 
the other generations;      for all j. Then          , the net cumulative hazard for 
brand j from the origin  , is equal to the maximum value among the net cumulative 
hazard for the generations within the brand j;  
        ∑             
      ⁄
     
    
                   .                 (7) 
Then,    
    
                        
        if              (  )        , otherwise 
zero. 
Singpurwalla (2006) claims that the net cumulative hazard for brand j from the 
origin  ,          , can be interpreted as the amount of a buyer’s risks for the brand j 
depleted by time t; the higher          , the lower perceived risk for adopting the 
brand j is.  
“Brand loyalty is a positive attitude toward a brand that causes customers to have a 
consistent preference for that brand over all other competing brands in a product 
category.” (Ferrell and Hartline 2010, p.204) Sheth and Venkatesan (1968) suggest 
that brand loyalty increases over time, and the establishment of brand loyalty is 
regarded as a risk-reduction process. As a result, brand loyalty is regarded as a form 
of the first mover advantage (Gabszewicz et al. 1992); the longer time in market, the 
higher loyalty is. Moreover, the carryover of the preference for brand/generation over 
time indicates an inertia (a positive state dependence) in the adoption procedure from 
time to time, and can be represented as a form of brand loyalty (Shah, 2008). Since 
          - the amount of perceived risk for the brand j depleted by time t - is the 
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carryover of the preference for the brand j from the entry time   (with the carryover 
parameter equal to 1), we assume that           represents the loyalty of brand j at the 
cohort-level.  
Let              (in equation 6) be the attractiveness of the brand j in the i-th 
generation. By equation (7), 
                                          (  )                              
   , 
where                         (  )          is 1 if         and   
           (  )         , otherwise zero. From the share attraction model (Brown and 
Lattin, 1994), we define the market share of the brand j in the i-th generation in 
period t,             , as follows; 
                           ∑ ∑    (  )       
      
      
    
      
let             be the ratio of the loyalty of brand    to the loyalty of brand  ; 
                    ,   
 
                                          
∑ ∑    (  )       (  )   
                                      
   
   
   
      
    
    
.              (8) 
“People with high uncertainty avoidance had greater proneness to brand loyalty.” 
(Lam and Lee 2005) Here, we suggest that the dependence parameter   represents the 
degree of the uncertainty regarding the outcome of brand choice based on the 
preference for brands. When consumers can readily judge the preference for 
alternatives without any uncertainty;    , the market share is the ratio of the 
preference for a particular brand/generation because                  for all       .  
"Much brand loyalty is a device for reducing the risks of consumer decisions." 
(Bauer, 1960, p. 25) When there exists the uncertainty regarding the outcome of a 
brand choice;    , consumers intend to rely on a certainty in their mind to reduce 
the risk of their decisions. Since brand loyalty reduces buyers’ risks (Pride and Ferrell 
2013), they need to take account not only for the preference, but also for the loyalty 
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of alternatives. The higher uncertainty  , the more consumer decisions rely on brand 
loyalty. Then, the polarization of brand choice to the highest loyalty brand j is 
intensified as   increases because               for all       . 
When the outcome of a brand choice based on the preference of brands is 
absolutely uncertain;    , consumers only choose the highest loyalty brand (brand 
j). Since                        for all       , the brand j dominates the market; 
                                 (  )          if                       , and 
zero, otherwise.  
 
2.5. The Expansion of Residual Market Potential 
In the previous stage, this study addressed survival function at the multi-
brand/generation. Following this, the cumulative number of customers of the trial 
adoption (      ) can be derived from the product of one minus the overall survivor 
function (            ) and market potential at time t (       for     ;  
                                                                          
Guseo and Guidolin (2009) consider the market potential at time t,    , as a 
function of the knowledge process. Also, they argue that the market potential can be 
varied due to exogenous factors. For instance, the decrease in price makes the product 
accessible to more potential consumers (Meade and Islam 2006), or reducing the 
duration of a contract makes more subscribers switch (or upgrade) their contracts. 
Hence, we assume that the residual market potential grows exponentially: 
                                                                  ,                                 (9) 
where          is the ultimate market potential, and   is the finite growth rate of 
the residual market potential (    . We assume that   and      are independent. 
The market potential is growing if    , fixed if    , and shrinking if    . For 
the positive parameter  , let   be     .  
Let            be the observed survivor function based on the fixed market 
12 
 
potential . Hence,      can be expressed not only as                 , but also 
as               . When we divide both sides of equation (9) by     , we can 
get the restricted Brass fertility model (1997): 
                                                                       .                  (10) 
In the demographic analysis, the Brass fertility model is used to predict the actual 
mortality and fertility when the total population is unknown. To mediate the market 
potential, the standardized life table and the actual mortality can be regarded as the 
overall survivor function,          , and the observed survivor function based on the 
fixed market potential, respectively.  
                                    
from equation (4), 
                                                                      .                                 (11) 
Then, the cumulative distribution function            (             ) is as follows; 
                                                    .         (12) 
Since                 ,   hinders the growth of           . Hence,   plays the 
role not only as the uncertainty regarding the outcome of adopting a technology, but 
also as the inertia to stick to the current status. In other words,   acts as a brake on 
the adoption or substitution process.  
Since           (equation 6) decreases as   increases,                . From 
equation (12),                         . By a chain rule,                 ;   
acts as the barrier to the growth of           . Hence, the uncertainty regarding the 
outcome of a brand choice causes a loss in terms of the diffusion of the sum of brands 
- the technology. 
Although both   and   decelerate the transition, there is the difference between the 
two that   is the brand-level parameter, but   is the category-level parameter. Hence, 
  can affect the market share as well as the growth of           , but   can only 
affect the growth of           . 
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When there is a single brand with    , equation (12) reduces to the cumulative 
distribution function of the Bass model;                                  ⁄ . 
Hence, we name equation (12) “the multi-brand/generation Bass model”, and 
consider it as the proposed model. Then, the probability density function (pdf) is as 
follows: 
           
∑ ∑    (  )       (  )     (  )                   
               
   
      
      
    
      
          
                                           
  .      (13) 
 
We summarize the procedure to derive “the multi-brand/generation Bass model”. 
From equations (11) and (12), 
                        ,                                     (14) 
where                                     (session 2.5), 
where                          (              ) (session 2.3), 
where                                   (                      ) (session 2.2), 
where                                                        (session 2.1). 
[Insert Figure 1] 
 
2.6. The Choice Probability 
Let                be the probability density function for the brand j in the i-th 
generation. To calculate               , we check the choice probability of brand j in 
the i-th generation at time t  In addition, the choice probability for the brand j in the i-
th generation is conditioned upon buying the category at time t,                
                        ∑ ∑    (  )       
      
      
    
     (see Appendix 5). From the 
session 2.3, the choice probability is equal to the market share in period t; 
                                  . According to whether the actual choice 
probability is time-varying in the data, we can measure the dependence parameter   
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ranged from one to the infinity. Also notable is the fact that the choice probability is 
unrelated to the growth rate of the residual market potential  . Hence, we focus on 
               to analyze the market share. 
Using equations (11) and (14), we can derive                as follows; 
                                       
  
   (  )                  
    
          
                                           
  .      (15) 
 
The brand/generation-specific hazard rate is as follows: 
                                              
                         
  
   (  )                              
    
                     
  ,                                     (16) 
 
where       (       ) is the inherent value of brand j in the generation i,      
           (  )          is the effect from the existence of competing generations 
within the brand j,                          is the effect from the existence of 
competing brands, and                        is the effect from the variability in 
market potential.  
   Similar to the session (2.3), equation (16) also coincides with the Bass model when 
there is only one brand and    ; 
                    [      (       )]
   
                              
                                           
                                                                    ,                                              (17) 
where          , and      . At the same time, the conditional probability 
coincides with the technological substitution model (Fisher and Pry 1971). Let 
           Then, 
                    [      (       )]
  
      [     (         )]
  .(18) 
Owing to the flexibility, the conditional probability can cover not only the adoption 
process, but also the substitution process.  
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3. The Adoption and Substitution Model 
According to Danaher et al. (2001), a new generation can create consumers from 
the additional market potential, and consumers from the previous generation’s market 
potential (leapfrogging), and can attract users of the previous generation to the new 
generation (switching). Let         be the cumulative number of subscribers for 
brand j in the i-th generation at time t. This discrete-time model is composed of two 
things: i) trial adoption (including leapfrogging), and ii) switching (or upgrading) to 
the brand, minus switching (or upgrading) from the brand, as follows:            
                             ∑ ∑                 ∑ ∑                ,  (19) 
where          is the number of new subscribers to brand j in the i-th generation in 
period t, and               is the number of the switched subscribers from brand k in 
the l-th generation to brand j in the i-th generation in period t. 
 
3.1. Leapfrogging 
             is composed of not only adoptions from the potential consumers in the i-th 
generation, but also adoptions from the potential consumers in the previous 
generations; leapfrogging.  
                                       ∑            (            )                  ,                   (20)  
where      is the market potential occurred due to the entry of the i"-th generation, 
              is an additive error term and      (            ) is the probability density 
function of the trial purchase of the brand j in the i-th generation at time t, where       
is the entry time of the i"-th generation;                 , and    represents the 
constant variability of residual market potential.  
Compared with the previous multi-generational models, the difference is that 
     (            ) contains all of the brand/generations that still exist even after the 
entry of the   -th generation as the alternatives to adopt; the brand whose generation 
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is (    ) or earlier can be included as an alternative. Since      (            ) is the 
probability of adoptions for those who become potential consumers due to the 
introduction of the i"-th generation, we revise equation (15) with the truncated entry 
time      . In addition, a cohort partitioned by means of the entry time       is regarded 
as the classified individuals in the adopter category (Rogers, 1962). For example, the 
cohort occurred due to the entry of the i"-th generation plays as an innovators or early 
adopters in the adoption of the i"-th generation, but at the same time, it plays as 
laggards in the adoption of the (    )-th generation.  
  
3.2. Switching 
Let               is the conditional probability of the switching from the brand k in 
the l-th generation to the brand j in the i-th generation at time t. Then, 
                                                   ,                (21) 
where               is an additive error term.  
Compared to                (equation 16),               has two differences. First, 
              includes the brand/generations that still exist even after the entry of the 
brand k in the l-th generation as the alternatives to switch. Second, the constant 
variability of residual market potential,   , can be substituted by the constant 
variability of the residual market for switchers,      . Hence,       represents the 
retention to the brand k in the l-th generation. Then, the higher       is, the longer 
subscribers keep the contract (on average);               decreases as       increases.  
When the current generation of subscribers is the newest one, only a few 
subscribers (e.g., Cherry pickers) consider switching the brand because of absence of 
attractive alternatives. “For the existing mobile technology generation, consumer 
familiarity of the features and applications grows higher through experience. This 
familiarity mitigates potential risks associated with using the current technology. In 
contrast, a new mobile technology generation involves new or improved features and 
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applications of new technology.” (Lam and Shankar 2014) Moreover, the subscribers 
may comprehend higher risks when switching a new generation than an existing 
generation (Johnson et al. 2006). Hence, we assume that the generation-level inertia 
to stick to the the brand k in the l-th generation,      , starts to be revealed with the 
entry of the next generation;         if         .  
Note that there are two kinds of switching behavior – i) switching when the 
generation of a subscriber’s own brand is the newest, and ii) switching when the 
generation of a subscriber’s own brand is not the newest.  
For the first one, we assume that the market potential is constant;       is zero 
because it is impossible for the subscriber to upgrade the generation. Since the users 
of the brand k in the l-th generation can switch the brand/generation from the entry 
time of their brand/generation currently in use, the entry time   is assumed to      . 
When the l-th generation is the latest generation at time t (       ;         ), the 
conditional probability from the brand k in the l-th generation at time t,               
is as follows:  
                                      
  
   (  )              
                               
   ,                                    (22) 
 
where                                 ∑                        , and                
is the net cumulative hazard for brand k from the entry of the brand k in the l-th 
generation “including only the brand k of which generation is (l + 1) or higher”; 
               ∑   (  )      (  )    (  ) 
     
    . Since                  for 
         ,                ∑                     in equation (22). 
For the second one, when         , the market potential can be varied;       can 
be other than zero. Since the subscribers of brand k in the l-th generation would be the 
potential upgraders (or switchers) from the entry time of the (l+1)-th generation, we 
need to consider the entry time of the      -th generation (      ) as the starting 
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point to diffuse. Then, the conditional probability of the switching (or upgrading) 
from the brand k in the l-th generation at time t,               is as follows: 
if    ,                                            (  )               
                                  
                                 
  ,  (23) 
 
otherwise,                                            (  )               
                                  
                                 
  .  (24) 
 
From equations (20) and (21), equation (19) can be expressed as follows: 
                    ∑           (            )    
    ∑ ∑                                   ∑ ∑                           ,  (25) 
 
where          is the sum of additive error terms in equations (20) and (21).  
 
4. Data 
To estimate the proposed model, we use the cellular subscription data in twelve 
European countries, and South Korea.  
Due to the product category characteristics, the subdivision at the brand-level is 
based on the mobile providers, not the manufacturers. In general, the subscription of 
mobile providers can be substituted by the purchase of the mobile equipment. 
However, subdivision based on the mobile equipment has several problems. Most of 
all, the choice of the mobile equipment is significantly affected by price. Although 
the mobile equipment is the same, the prices of the mobile equipment can be different 
because they depend on i) the contract (e.g., a mobile plan for light users or for heavy 
users), and ii) the retail store (e.g., online shop or offline shop). In contrast, there is 
no price difference among mobile providers. For example, the price of contract 
offered by AT&T is almost equal to the price of contract offered by T-mobile or 
Verizon under equivalent conditions (e.g. online price of the plan – 100 minutes of 
voice calls with a 1GB data plan for 24 months). In addition, if the mobile equipment 
offered by the different mobile providers are the same (e.g., iPhone 6 by AT&T, and 
iPhone 6 by Verizon), there is no significant price difference among them. Hence, the 
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price of mobile equipment can be ignored in the division based on the mobile 
providers. In this study, the cellular subscription data is divided by the different 
mobile providers (e.g., AT&T / T-mobile / Verizon), rather than by the different 
mobile equipment (e.g., Apple / Samsung). 
 
4.1. Mobile Market in European Countries 
We apply the proposed model to the data set of Western European cellular 
subscription market, which was composed of two or more mobile providers. The 
publisher of the Global Mobile newsletter is Informa in the U.K. 
(http://www.informatandm.com), which provided the Western European cellular 
phone data sets. The monthly data is from January 1992 to December 1998. Table 3 
shows the entry time of mobile providers in European countries. 
[Insert Table 3] 
To reflect the generation change, we include the data sets from the analog cellular 
networks (1G) to the digital cellular networks (2G). Nordic Mobile Telephone (NMT) 
is the representative technology of the 1G network in European countries. The NMT 
can be divided into NMT-450 and NMT-900. The number suffix refers to the used 
frequency bands. The NMT-900 network carries more channels than the NMT-450 
network; NMT-900 is a more improved technology than NMT-450. Dalum et al. 
(2002) define NMT-900 as a 1.5G network, while NMT-450 and NMT-900 are 
considered 1G technology. Hence, we can assume that NMT-900 is the next 
generation of NMT-450. As a replacement for the analog cellular network (1G), the 
digital cellular network (2G) was introduced. 2G networks were launched on the 
Global System for Mobile communications (GSM) standard. Since European 
countries started the MNP towards the end of 1998, we only consider the substitution 
involving upgrading generation within a single brand; alternatives are only own brand 
of which generation is     or higher.  
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4.2. Mobile Market in South Korea 
We apply the proposed model to the data set of South Korean cellular subscription 
market. The reference is the Ministry of science, and future planning 
(http://www.msip.go.kr/www/brd/m_220/list.do). The quarterly data is from the first 
quarter of 2002 to the second quarter of 2014.  
[Insert Figure 2] 
From the beginning of cellular market in South Korea, SK Telecom (SK) has been 
the market leader in terms of market share (the ratio of the current number of the 
subscribers of a particular brand to the current number of the total subscribers), and 
Korea Telecom (KT, the second player in terms of market share) and LG Telecom 
(LG, the third player in terms of market share) have followed into the market.  
Although LG maintains an almost constant market share, the growth in its market 
share has slowed due to the non-entry into 3G (see Figure 2). To overcome the loss 
from the non-entry into 3G, LG rushed into the 4G network earlier than KT. 
Compared with 3G (144kbps ~ 14.4Mbps), the network transmission speed of 4G 
(100Mbps) had been improved. In addition, the coverage of LG is wider than that of 
SK, even though their entry times are the same. Then, LG’s early entry into the 4G 
network has resulted in an increase in its market share. Although the market share of 
LG is still the lowest, it has succeeded in narrowing the gap in the market share with 
SK or KT. With the change in the market share of LG, there is little change in the 
market share of SK, but the market share of KT has also declined due to its customers 
who switched to LG. It may result from the late entry of KT into 4G network.  
KT and LG struggle to increase their market share as much as possible, but SK 
struggles to keep its market share around 50% because of a tacit warning about 
monopoly regulations from the government of South Korea. Hence, SK always keeps 
50% or slightly more of the market share regardless of the entry into a new network. 
(see Figure 2) 
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[Insert Figure 3] 
In South Korea, the higher average revenue per user (ARPU) makes mobile 
providers focus on promoting the new generation rather than a previous generation. 
When mobile providers introduce a new generation, they are supposed to invite new 
subscribers (or switchers) to the new generation. However, the potential subscribers 
from the entry of the earlier generations rarely leapfrog to the new generation because 
of the higher loyalty of the earlier generations. Hence, the mobile providers 
discontinue the earlier generations; a newest generation is only allowed for potential 
subscribers. In other words, the entry time of the      -th generation of the brand j 
is equal to the time at which the brand j in the i-th generation is withdrawn (only 
possible to renew the contract);               (see Figure 3). Furthermore, to secure 
the band for 4G, KT deliberately discontinued even the renewal of the 2G service; the 
number of subscribers of KT 2G from the entry of KT 4G is zero.  
The mobile number portability (MNP) began on January 1st, 2004 (see Figure 3). 
Until 2003, subscribers who wanted to change their mobile provider had first of all to 
churn their contract and then sign a new contract using a different phone number. 
With the MNP, however, subscribers could retain their phone number even if they 
switched mobile providers. In addition, the subscribers can not only upgrade, but also 
switch the brand/generation.  
Due to the MNP, the subscribers of SK or KT in 3G can switch to LG in 2G. It 
may be inconsistent with the assumption of the previous studies that subscribers 
switch to the higher generation. However, the previous multi-generational models do 
not take account of switching generation “across brands”. Hence, without loss of 
generality, we assume that the generation of the brand that subscribers intend to 






Since equation (25) is the dynamic simultaneous equations model, we need to 
overcome i) the potential correlation between random errors, and ii) the “two-step” 
estimation issue. Following prior studies (e.g., Danaher et al. 2001; Jiang and Jain 
2012), we estimate equation (25) using the nonlinear simultaneous equations 
regression (Full Information Maximum Likelihood; FIML, in PROC MODEL, SAS). 
For the better understanding, we propose the scenario based on two brands with two 
generations (see Appendix 6). 
[Insert Table 4 and 5] 
 
5.1. Estimation 
The result shows the high accuracy in terms of R-Squared. Although the estimation 
of the variability of the residual market for switchers (or upgraders) in European 
countries is not highly significant, the market potential for generations and the shape 
parameter for each brand   are significantly estimated.  
[Insert Figure 4 and 5] 
First, the estimated market shares for the 3rd and 4th generation in South Korea are 
zero because the cellular market in South Korea is already highly penetrated in the 
early 2000s. Hence, the trial adoptions for the 3rd and 4th generation are leapfrogged 
from the 2nd generation.  
Second, the change in market share of the discontinued brand/generation can be 
verified by the estimated      s. We compare the substitution rates of SK 2G and KT 
2G, and of SK 3G and KT 3G from the estimated      s. The switching from KT 2G 
is more rapid than that from SK 2G because the estimated retention for KT 2G,       
(-0.493), is lower than the estimated retention for SK 2G,       (0.005). In addition, 
the switching from 3G is similar to the switching from 2G; the switching from KT 3G 
is more rapid than that from SK 3G because the estimated retention for KT 3G,       
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(0.006), is lower than the estimated retention for SK 3G,       (0.044). Hence, KT 
should be more serious than SK in terms of keeping subscribers.  
Third, the estimated    is higher than the estimated       in most countries (except 
to Austria, and Sweden). It means that the uncertainty for potential consumers 
regarding the outcome of adopting a technology is higher than the uncertainty for 
potential switchers; the experience of using the earlier generations mitigates the risk 
of adopting a new generation.  
Last, the estimated    in South Korea is smaller than the estimated    in any other 
European countries. Since (    ) is the growth rate of the residual market potential, 
we can derive that the cellular market in 1990s (1G to 2G) was growing at a rapid 
pace, but the cellular market in 2000s (2G to 4G) had reached a plateau; the market is 
already emerged. Hence, the comparison of the preference for brands in South Korean 
mobile market is enough for the potential consumers (or subscribers) to choose a 
brand; they need not rely on the prior knowledge and experience. As a result, the 
estimated   in South Korea is one. However, the estimated   in European countries 
(except to Cyprus and Malta) are more than one. Since the cellular markets were still 
growing in 1990s, the information was not enough for consumers to make a decision. 
Hence, the difference of the results (e.g., the estimated    and  ) between South 
Korea and European countries comes from the difference in the stage of the diffusion 
of the cellular technology.    
 
5.2. Simulation 
   To measure the effect of an early entry into the new generation, and the entry itself, 
we modify the entry time of each brand, and the entry itself, ceteris paribus.  
   First, we advance the entry time of KT 4G to the fourth quarter of 2011 (the actual 
entry time of SK and LG 4G). In turn, the estimated market share for KT in the 
second quarter of 2014 increases from 30.37% to 32.90%. Because of the shifted 
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entry time of KT 4G, the estimated market share for SK and LG decrease from 49.25% 
and 20.38% to 47.54% and 19.57%, respectively. From the advanced entry, KT can 
get the additional market share, and the other brands - SK, and LG - miss subscribers.  
[Insert Figure 6] 
   Second, we delay the entry time of LG 4G to the first quarter of 2012, which is the 
actual entry time of KT 4G. In turn, the estimated market share for LG in the second 
quarter of 2014 decreases from 20.38% to 18.21%. Because of the shifted entry time 
of LG 4G, the estimated market share for SK and KT increase from 49.25% and 
30.37% to 50.60% and 31.19%, respectively. From the delayed entry, LG misses 
subscribers, and the other brands - SK, and KT - will acquire the extra subscribers.  
[Insert Figure 7] 
Third, we delay the entry time of LG 4G to the first quarter of 2012, and advance 
the entry time of KT 4G to the fourth quarter of 2011. In turn, the estimated market 
share for LG in the second quarter of 2014 decreases from 20.38% to 17.14%, and the 
estimated market share for KT in the second quarter of 2014 increases from 30.37% 
to 33.92%. Accordingly, the estimated market share for SK shifts from 49.25% to 
48.94%; it is almost the same.  
[Insert Figure 8] 
   Finally, to test the effect of no entry into a new generation, we set up a situation in 
which KT keeps 3G rather than entering into 4G. Since 3G had higher loyalty than 
4G at the early stage of 4G, no entry into 4G gives KT more market share; this comes 
at the expense of SK and LG. In the fourth quarter of 2012, the estimated market 
share for KT increases from 31.47% to 33.96%, and the estimated market share for 
SK and LG 4G decrease from 50.22% and 18.30% to 48.45% and 17.59%, 
respectively. As time passes, however, KT’s additional market share disappears, and 
KT starts to lose market share. Because KT did not enter 4G, the estimated market 
share for KT in the second quarter of 2014 decreases from 30.37% to 26.70%. In turn, 
the estimated market shares for SK and LG 4G increase from 49.25% and 20.38% to 
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51.17% and 22.13%, respectively. In the short run, no entry can give the additional 
market share to KT because of the cannibalization effect in SK, and LG. However, no 
entry can give the penalty to KT in the long run because of the outmoded technology. 
[Insert Figure 9] 
 
6. Conclusion 
   To estimate the demand of new technologies at both the brand-level and generation-
level, this study suggests “the multi-brand/generation Bass model”. Based on the 
retention to the brand/generation currently in use, we distinguish the switching 
behaviors within a single generation and across generations.  
Marketers have been interested in the number of additional subscribers that an 
early entry into a new generation or the entry itself brings. To introduce the new 
generation, they consider the competition not only with the earlier generation, but 
also with the other mobile providers. Furthermore, they need to check the potential 
demand of the next generation which is not released yet (e.g., 4.5G, or 5G). The 
proposed model therefore has significant managerial implications. We provide the 
theoretical basis to construct a market strategy based on how an entry time into a new 
generation and the retention of subscribers affect market share not only in the short 
run, but also in the long run. 
In South Korea, mobile providers more focus on taking subscribers of the other 
mobile providers since the cellular market is fully penetrated. Actually, one of the 
factors mainly induces subscribers to switch the brand/generation is the amount of 
subsidies from mobile providers. Hence, a mobile provider pays higher subsidy for 
subscribers of the other mobile providers than for potential consumers. Due to the 
lack of data, this study does not take account for the marketing mix, and the different 
amount of subsidies for the purchase of a new smartphone to the trial adoption and to 
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1. Scenario on Section 2.1 
When there are five brands as below,             , and              are as follows; 
 
 
When the entry time is      – the entry time of the 1
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When the entry time is      – the entry time of the 2
nd generation, 
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2. Gumbel-Houggard Copula on Section 2.2 
Copulas are used to build multi-dimensional models. Due to the associativity 
property of Archimedean copulas, we can extend the dimension of distribution from 
one to two or higher. The survival copula   of (                        is defined as the 
joint survival function: 
                               (                      ),            (1) 
where              . For some Archimedean generator  , a (          )-
dimensional copula   is an Archimedean copula if it can be represented as            
              (                      )    (  
  (        )      
  (           ))   (2) 
where                     . In particular, the Gumbel-Hougaard copula     is defined 
as follows (Nelsen 2006, p. 116):  
    (                      )        ∑               
    
   
    
     ⁄  ,        (3)    
where the inverse function       is given by:  
                                                                         ,                                        (4) 
where        . The dependence parameter    is restricted to the interval      . 
Hence, we can derive the multivariate survival function   from equation (2):  
        ⏟
            
      (                          ) 
from equation (1), 
    (                      ) 
Since                                         and equation (3),   
                             ∑                                        ⁄
     
    






3. Gumbel-Houggard Copula on Section 2.3 
Similar to appendix 2, the survival copula   of (                is defined as the 
joint survival function: 
  (                  )   (              ),                      (1) 
where          . For some Archimedean generator , a     -dimensional copula 
  is an Archimedean copula if it can be represented as            
                          (              )   (   (    )       (       )),             (2) 
where                   The Gumbel-Hougaard copula    is defined as follows; 
                              (              )        ∑             
    
     
  ⁄  ,                (3)    
where the inverse function       is given by:  
                                                                 =         .                                       (4) 
The dependence parameter   is restricted to the interval              because the GH 
copula     is nested by the GH copula    . The sufficient condition for the nested 
Archimedean copula is that       is completely monotone for all j;      for all j 
(McNeil and Neslehova 2009).  
Then, we can derive the multivariate survival function  :  
       ⏟
    
      (                  ) 
from equation (2), 
                    
since            ∑                                         ⁄
     
    
  and equation 
(3),   
       ∑  ∑                                  
      ⁄
     
    






4. Equation (6) on Section 2.4 
We calculate the brand-specific hazard             . From Kalbfleisch and Prentice 
(2002, p. 251), 
                    
 (                       |          
                                                                
(Since                        ) 
                                                               
                   
   ∑  ∑                                      
      
⁄     
    
   ⁄        
      
 
(         ∑  ∑                                            ⁄
     
    
    
   )  
                                          
(now applying the chain rule) 
                                                          
(           ∑                                          
        ⁄
      
     
  
              ∑           
     
    ) 
       ∑           
     
                           
       
(only one item has      , and applying the chain rule again) 
                                                   
                         
(          ∑                                        
     
    
) 
                
                      
                   
(now applying the chain rule) 
                                         
                
                  
(          ∑                  
     
     
)  
(only one item has      , and applying the chain rule again) 
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(                              (       )) 
       (       )            
             
               
                  
(Since                      , and                    ) 
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5. The derivation of choice probability on Section 2.6 
                                                                  
                      
 
 
      




                         
  
                        (now applying the chain rule, and                        ) 
                      
 
            
      
 
            
                          
 
            
  
 
            
                          
   
                                                                  
(From appendix 4) 
                                                
(Overall hazard is equal to the sum of type-specific hazards)  
(Kalbfleisch and Prentice 2002) 
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6. Scenario on Section 5 




Stage 1) If              , then 
                             (           )          , 
          , 
          , 
          , 
where 
1.1)      (           )  
                              
                         
 . 
 
Stage 2) If              , then 
                             (           ) 
                                                                         , 
          , 
                             (           ) 
                                                                          , 
          , 
where 
2.1)      (           )                                      
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  , 
2.2)      (           )                                 
                                                                                            
  , 
where                           ,  
                                               , and  
                                                  
                 
     . 
2.3)                    , 
2.4)                    . 
 
Stage 3) If              , then 
                             (           )           (           ) 
                                                                   
                                                                          , 
          , 
                             (           )           (           ) 
                                           
                                                                             
                             (           )           (           ) 
                                                                    
                                                   , 
where 
3.1)      (           )                                      
                                                                                           
  , 
3.2)      (           )                                        
                                                                      
     
                                                                                           
  , 
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3.3)      (           )                                        
                                                                      
     
                                                                                           
  , 
where                           ,  
                                                                  , and 
                                                  
   
                                                                              
     . 
3.4)      (           )                                      
                                                                                           
  , 
3.5)      (           )                                          
                                                                      
     
                                                                                           
  , 
3.6)      (           )               (       )                   
                                                                      
     
                                                                                           
  , 
where                           ,  
                                                                    , and 
                                                  
   
                                                                                
     . 
3.7)                                                     
                                                                
  , 
3.8)                            (      )                  
                                                                
  , 
where                ,  
                                                                   , and 
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3.9)                                                    
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3.10)                                                    
                                                                  
  , 
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Stage 4) If        , then 
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                                               , and 
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a. * (p-value < .05), ** (p-value < .01).






































Figure 2. The market share of mobile providers in South Korea (Left), and 




Table 5 Estimation result of the Cellular Data in South Korea 
Generation γ β 0 M (x1000) b1(i) β 1(i)
R-
square b2(i) β 2(i)
R-




























0.998 - - -









a. * (p-value < .05), ** (p-value < .01).
b. t-value in the parentheses
c. R-squared values are interpreted as "proportion of dependent variable variance explained"
    The lagged dependent variables can improve the performance to explain the variance of depedent variables











































































































                              
(SK: SK Telecom, KT: Korea Telecom, LG: LG U-Plus, and MNP: Mobile Number Portability)  
































































































































































































































































































































































Figure 6. The 4G subscriptions quarterly (Left), and the market share (Right)  





Figure 7. The 4G subscriptions quarterly (Left), and the market share (Right)  




Figure 8. The 4G subscriptions quarterly (Left), and the market share (Right)  





Figure 9. The 4G subscriptions quarterly (Left), and the market share (Right)  





















































































































2011.12" 2012.3" 2012.6" 2012.9" 2012.12" 2013.3" 2013.6" 2013.9" 2013.12" 2014.3" 2014.6"
SK"
KT"
LG"
SK"(rev)"
KT"(rev)"
LG"(rev)"
